Abstract: Plant disease resistance gene analog (RGA) markers were designed according to the conserved sequence of known RGAs and used to map resistance genes. We used genome-wide RGA markers for genetic analyses of structure and diversity in a global rice germplasm collection. Of the 472 RGA markers, 138 were polymorphic and these were applied to 178 entries selected from the USDA rice core collection. Results from the RGA markers were similar between two methods, UPGMA and STRUCTURE. Additionally, the results from RGA markers in our study were agreeable with those previously reported from SSR markers, including cluster of ancestral classification, genetic diversity estimates, genetic relatedness, and cluster of geographic origins. These results suggest that RGA markers are applicable for analyses of genetic structure and diversity in rice. However, unlike SSR markers, the RGA markers failed to differentiate temperate japonica, tropical japonica, and aromatic subgroups. The restricted way for developing RGA markers from the cDNA sequence might limit the polymorphism of RGA markers in the genome, thus limiting the discriminatory power in comparison with SSR markers. Genetic differentiation obtained using RGA markers may be useful for defining genetic diversity of a suite of random R genes in plants, as many studies show a differentiation of resistance to a wide array of pathogens. They could also help to characterize the genetic structure and geographic distribution in crops, including rice, wheat, barley, and banana.
Introduction
Plant disease resistance (R) genes play an important role for the plant to defend itself from attack of fungi, bacteria, viruses, nematodes, and insect pests (Barnett 1959; Hayakawa et al. 1992; Hammond-Kosack and Jones 1997) . A certain degree of genetic variation among R genes is important for a plant to adapt well to an ecological environment (Sork et al. 1993; Kaltz and Shykoff 1998; Enjalbert et al. 2005) . Previous studies have used the predicted protein structures and locations in cells to classify R genes into five groups: nucleotide binding site -leucine-rich repeat (NBS-LRR), intracellular serine -threonine protein kinase (PK), leucine-rich repeat -single transmembrane region (LRR-TM), PK-LRR-TM, and signaling anchor -coiled-coil domain (SA-CC) (Hammond-Kosack and Jones 1997; Meyers et al. 1999; Jones 2001) . Conserved motifs or hydrophobic sites at the NBS have enabled a novel polymerase chain reaction (PCR)-based approach that uses degenerate primers to amplify resistance gene analogs (RGA), as putative or tentative disease resistance genes, from many plant species (Kanazin et al. 1996; Leister et al. 1996; Spielmeyer et al. 1998; Yan et al. 2003 Yan et al. , 2004 Miller et al. 2011; Selvaraj et al. 2011) . Genetic analyses have associated many RGAs to known R genes that confer resistance to a number of diseases (Huang and Gill 2001; Madsen et al. 2003; Mutlu et al. 2006 Mutlu et al. , 2008 Naik et al. 2006; Shang et al. 2009 ). For example, map positions of RGAs in Arabidopsis thaliana correspond to 21 disease resistance loci (Speulman et al. 1998) ; two RGAs are mapped to known disease resistance clusters in lettuce (Lactuca sativa L.) (Shen et al. 1998) . Furthermore, QTLs for resistance and RGAs are shown to be linked in pepper (Capsicum annum L.) (Pflieger et al. 1999) , soybeans (Glycine max L.) (Kanazin et al. 1996) , sunflower (Helianthus annuus L.) (Gentzbittel et al. 1998; Bouzidi et al. 2002) , common bean (Phaseolus vulgaris L.) (Mutlu et al. 2006) , and rice (Oryza sativa L.) (Selvaraj et al. 2011) . In rice, Yang et al. (2008) described the genetic variation of 44 NBS-LRR RGAs among 21 cultivars and 17 wild rice accessions as (i) conserved, (ii) diversified, (iii) intermediate-diversified, and (iv) present/absent patterns. RGA markers have been widely used to map R genes, but rarely used to analyze genetic structure and geographic distribution in a diverse collection of plant germplasm -with only one study in rice (Wang et al. 2000) .
The two cultivated species of rice Asian type (O. sativa) and African type (Oryza glaberrima L.) were domesticated independently about 9000 and 3500 years ago, respectively (Khush 1997; Semon et al. 2005) . Asian rice is grown worldwide, whereas African rice is only grown in West Africa (Chang 1976; Second 1982; Miezan and Ghesquiere 1986; Khush 1997; Doi et al. 2008) . Ancient China classified Asian rice into hsien and keng types in AD 100 (Ding 1949; Ho 1956 ). In 1930, Japanese scientists proposed two subspecies of Asian rice, japonica (equivalent to keng) and indica (equivalent to hsien) (Kato and Kosaka 1930) , which are agreed upon by many others (Ding 1949; Chu and Oka 1970; Oka 1974; Second 1982; Cheng 1985; Glaszmann 1985) . Later, both bulu and gundil rice cultivars (from Indonesia) were proposed to be a third group, javanica (Morinaga 1954) . Enzymatic analysis disagreed with the third group proposal and combined javanica into the japonica group (Glaszmann 1987) . In India and Indonesia, the five ecotypes aus, aman, boro, bulu, and tjereh are divided according to planting time, morphological chacterization, and physiological chacterization (Chandraratna 1964) . Ueno et al. (1990) used KCLO 3 resistance, phenol reaction, and apiculus hair length to combine aman, boro, and tjereh ecotypes into indica type and differentiate aus and bulu, along with Japanese upland rice cultivars, from indica and japonica. Taking advantage of newly developed molecular markers (Garris et al. 2005; Kovach et al. 2007; Thomson et al. 2007; Zhao et al. 2010; Ali et al. 2011 ) and genomic resequencing (Garris et al. 2005; Kovach et al. 2007; Thomson et al. 2007; Zhao et al. 2010; Ali et al. 2011; Huang et al. 2012; Xu et al. 2012) , researchers have substantiated five Asian rice subgroups: indica (IND), aus (AUS), tropical japonica (TRJ), temperate japonica (TEJ), and aromatic (ARO).
The US rice core collection, including 1794 entries from 114 countries, was developed from over 18 000 accessions and is managed by the National Small Grains Collection (http://www.arsgrin.gov/cgi-bin/npgs/html/stats/genussite.pl?Oryza) (Yan et al. 2007) . Genetic structure and ancestral relationships in the core have been well analyzed using simple sequence repeat (SSR) markers . Further, a mini-core containing 217 entries from 76 countries was developed from the core and is used for association mapping of many important traits Li et al. 2010 Li et al. , 2012 Jia et al. 2012) . As a result, the US core is an ideal collection to study genetic variation related to ancestral background and geographic distribution using RGA markers.
In this study, we used 472 genome-wide RGA markers to analyze a part of the US rice core collection for genetic variation related to ancestral background and geographic distribution. Comparison of the results from RGA markers with SSR markers will substantiate the use of RGAs for the analyses of genetic structure and diversity in rice.
Materials and methods

Plant materials
A set of 178 entries were selected from the US rice core collection for this study, as they have many traits of interest to our breeding objectives at Sichuan Academy of Agricultural Sciences, China (supplementary data, Table S1 1 ). Among them, 123 entries were included in the mini-core described by Agrama et al. (2009) . The selected entries originated from 14 geographic regions including 71 countries. There were 170 Asian (O. sativa), 7 African (O. glaberrima, GLA), and 1 common wild (Oryza rufipogon Griff.) rice entries.
RGA marker primer design
In total, 472 genome-wide RGA markers were designed. RGAs were searched in the Institute for Genomic Research (TIGR) rice database using the Putative Function Search Tool (http://rice. plantbiology.msu.edu/cgi-bin/putative_function_search.pl). Those RGAs marked for gene expression and coding putative disease resistance protein were selected. Highly homologous (>80% sequence identity) RGA sequences were excluded through sequence alignment. Marker primers were designed according to the cDNA sequence for the remaining RGAs with <80% sequence identity using Primer Premier 6.0 (PREMIER Biosoft International, Palo Alto, Calif.). The 472 RGA markers were synthesized by DNXK Bio Inc., Beijing, China, covering the rice genome every 0.79 Mb of physical distance. There were 62 RGA markers on chromosome (Chr.) 1, 31 on Chr. 2, 22 on Chr. 3, 41 on Chr. 4, 21 on Chr. 5, 31 on Chr. 6, 18 on Chr. 7, 51 on Chr. 8, 16 on Chr. 9, 18 on Chr.10, 100 on Chr. 11, and 61 on Chr.12.
Genomic DNA extraction and RGA genotyping
Purification of each core accession was conducted using single plant selection for genotyping purposes during the 2009 season at Xindu Experimental Station, Sichuan Academy of Agricultural Sciences. In 2010, total genomic DNA was extracted using the 2% hexadecyl-trimethyl ammonium bromide (CTAB) method from a bulk of five plants representing each entry (Stewart and Via 1993) . PCR amplification was performed according to a previously described method (Gao et al. 2008) . The reaction solution was 25 L, containing 100-300 ng of template DNA, 50 ng of each primer, 2 L of 2.5 mmol/L dNTPs, 1 U Taq DNA polymerase, and 2.5 L PCR buffer (plus Mg 2+ ) (TranGen Bio Inc.). PCR was performed on a ABI Veriti 96 thermal cycler with the following profile: 4 min at 95°C; followed by 30 s at 94°C, 30-90 s at 55-62°C based on conjectural primer annealing temperature, and 1 min at 72°C for 35 cycles; and then 10 min extension at 72°C. PCR products were primarily run in 2.0% agarose gel at 120V constant voltage for 1 h. When fragments could no longer be differentiated, the PCR products were run in a 6% nondenaturing acrylamide gel and the resultant gel was silver-stained for visual detection.
Each PCR-produced band was estimated for its length in base pairs using Primer Premier 6.0. The band was recorded as correctly amplified from the designed primer when the estimated band matched one of the gel-produced bands in length. Only polymorphic markers from the screening were used for subsequent analyses (Table S2) .
Protein domain and physical position of polymorphic markers in rice chromosomes were obtained from the rice TIGR database using their annotations. The physical genetic map was drawn by Circos in the Perl language (Krzywinski et al. 2009 ).
Statistical analysis
The amplified bands from PCR were recorded as "1" for presence and "0" for absence in each band. The data were entered into a data matrix of RGA markers to implement the following analyses.
Analysis of both the clusters and principle coordinates were performed using NTSYS pc-2.0e software (Rohlf 2000) for 178 core entries with simple matching coefficient.
Population structure among 178 entries was analyzed using STRUCTURE 2.3.3, according to a previously described method (Falush et al. 2007 ). We set K from 1 to 10, using the admixture model under the F model, and ran STRUCTURE for 10 000 iterations after a burn-in of 1000. When the estimated LnPob of data (ln Pr(X|K)) reached the maximum, and mean value of alpha reached the minimum, the value of K was captured as the major structure in the data set. Using the dominant markers for diploid data analysis, procedure described by Yeh et al. (1999) , with the POPGENE 1.32 statistical package, the genetic diversity parameters among 178 entries genotyped with polymorphic RGA markers were estimated. Each DNA fragment was considered as a locus according to the statistical software. The genetic diversity parameters included polymorphic alleles (PA), percentage of polymorphic alleles (PPA) [(polymorphic alleles/total alleles) × 100%], observed number of alleles per DNA fragment or loci (N a ) (total observed number of alleles/total loci), the effective number of alleles (N e ) [N e = 1/(1 − H E ), H E = expected heterozygosity] (Hartl and Clark 1989), Nei's gene diversity (H), and Shannon's information index (I) (Lewontin 1972) for each genetic subgroup classified by both previous studies using SSRs ) and RGAs in this study comparatively. As well, the global origin of each population was verified. Gene flow was calculated to express the transfer of alleles or genes from one population to another using the following formula:
where H S and H T are the expected heterozygosities within subpopulations and total population, respectively (McDermott and McDonald 1993) .
Based on the matrix of genetic distance (Nei 1978 ) estimated with polymorphic RGA markers, genetic relationships among genetic subgroups from RGA and SSR markers were compared, and 14 geographic regions were analyzed by the unweighted pair-group method with an arithmetic mean (UPGMA) using POPGENE 1.32. The UPGMA trees were built using Mega 5 (Tamura et al. 2011) . A global distribution of the 178 entries was mapped using "rworldmap" in the R statistical package (South 2011; R Development Core Team 2012) , based on the longitude and latitude of each entry according to previous reports in 14 geographic regions ). The geographic regions were classified according to groupings of the United Nations Statistic Division where the region China includes Mongolia, Hong Kong, Taiwan, and China itself (UNSD 2012).
Results
RGA markers polymorphism
Among 472 RGA markers, 21 failed to be amplified and the remaining 451 yielded 719 DNA fragments, but the amplified fragments from 313 RGA markers were monomorphic in the global rice collection of 178 entries. The remaining 138 polymorphic markers yielded 378 DNA fragments, and 363 or 96.03% of the fragments were polymorphic. Each polymorphic fragment generated two alleles ('1' for presence and '0' for absence, 363 × 2 = 726) and each monomorphic fragment generated only one allele (either '1' for presence or '0' for absence, 378-363 = 15), which resulted in 1.96 [(726 + 15 = 741)/378] alleles per DNA fragment or loci (Table S3 ). The resulting data matrix from the 138 polymorphic markers to genotype 178 core entries was used for the following analyses.
Based on the locus identifiers of the 138 polymorphic markers in the TIGR rice database (Rice Genome Annotation Project release 7), the predicted protein domains classified the polymorphic markers into nine groups. The most abundant group was NBS-LRR (60.87%), followed by NBS (13.04%), LRR-TM (8.70%), ATPbinding cassette transporter (ABC) (5.80%), PK (4.53%), LRR (3.65%), other domain (2.17%), NBS-TM (0.72%), and no domain (0.72%) (Fig. 1 ). Chr. 11 had the most polymorphic markers (19.57%), followed by Chr. 8 (17.39%), Chr. 1 (17.77%), Chr. 12 (13.04%), while Chr. 10 had the least (2.17%).
Analysis of genetic structure
Understanding genetic distance and population structure in a germplasm collection is essential for designing breeding strategies and mapping valuable genes or QTL. We used three analyses, STRUCTURE, UPGMA, and PCA, for such an understanding.
Four subgroups uniformly resulted from three analyses using 138 polymorphic RGA markers for 178 global entries ( Fig. 2 ; Table S1 ). UPGMA designated 3, 79, 53, and 43 entries to subgroups I, II, III, and IV, respectively ( Fig. 2A ; Table 1 ). Three entries in subgroup I were African rice (GLA). In subgroup II, 63 out of 79 entries were designated japonica (JAP) type by using SSR markers, which resulted in an 80% matching ratio, thus subgroup II should be JAP. Likewise, subgroup III and IV had matching ratios of 89% and 81% with indica (IND) and aus (AUS), respectively, as classified by . Similarly, structural analysis ( Fig. 2C ; Table 1 ) assigned 3, 73, 64, and 38 entries to subgroup I, II, III, and IV, which resulted in matching ratios of 100%, 84%, 88%, and 95%, respectively, with the results from SSR markers .
Genetic diversity and relatedness among subgroups
Genetic diversity was assessed using RGA markers for the subgroups classified by both types of markers, SSR and RGA, with two methods, UPGMA and STRUCTURE. Five subgroups described by from SSRs were ranked as AUS > IND > TEJ > TRJ > ARO identically for PA, PPA, N a , N e (Hartl and Clark 1989) , H, and I (Lewontin 1972) (Table 2) . Four subgroups were classified by both UPGMA and STRUCTURE using RGA markers. With UPGMA, they were ranked as JAP > IND > AUS > GLA for PPA and N a , and IND > AUS > JAP > GLA for N e , H, and I. With STRUCTURE, they were ranked as IND > JAP > AUS > GLA for PPA and N a , and IND > AUS > JAP > GLA for N e , H, and I. Gene flow among the five subgroups from SSRs and three subgroups (GLA was excluded because it only had three entries) from RGAs by both UPGMA and STRUCTURE was 2.9210, 2.7896, and 2.5546 (Nm > 1), indicating high levels of gene or allele exchange as described by McDermott and McDonald (1993) .
Based on the five subgroups previously identified by using SSR markers, we used RGA marker information to calculate subgroup-wise Nei's genetic distances and compared genetic relatedness resulted from RGA markers measured by Nei with SSR markers measured by F ST values. Nei's unbiased measures of genetic distance using RGA markers revealed AUS-TEJ > IND-TEJ > IND-ARO > TRJ-AUS, and TEJ-TRJ < TRJ-ARO < TEJ-ARO < IND-AUS (Table 3) (Table 4) .
Comparative cluster analyses using RGAs to estimate Nei's index were applied to three classifications derived from SSRs (Fig. 3A) and RGAs with UPGMA (Fig. 3B) and STRUCTURE (Fig. 3C) . RGAs separated the five subgroups from SSRs into two major clusters, IND with AUS, and TEJ with TRJ and ARO. Both UPGMA and STRUCTURE separated the three subgroups (GLA had only three entries, thus it was excluded) from RGAs into two major clusters as well, IND with AUS, and JAP alone.
Genetic diversity and relatedness associated with geographic regions
Among 14 regions, Africa included the most countries, followed by South America, Southern Asia, and Central America (Table 5) . Southern Asia had the most entries, followed by Africa, China, and South America (Fig. 4A) . North America had only one country, US, with two entries. The entries derived from Southern Asia had the most PPA, N a , N e , H, and I, followed by Africa and China. North America, with only two entries, had the least genetic variation, followed by Eastern Europe, Oceania, and the Mideast, all of which had PPA < 55%. Gene flow of 10 geographic regions (regions with PPA < 55% were excluded) was 3.3433 (Nm > 1), indicating an exchange of genes or alleles among the regions (McDermott and McDonald 1993) .
Genetic distance and cluster analyses were performed using RGA information among 10 regions whose PPA were ≥55%. Nei's unbiased measures of genetic distance for each pair of regions were China -Western Europe > China -North Pacific > Central America -Western Europe > Central America -North Pacific, and North Pacific -Western Europe < Africa -South Pacific < South Pacific -South America < South America -Africa (Table 6 ). When Nei's was set at 1.50, UPGMA formed three clusters: cluster 1 with Africa, Southern Asia, South Pacific, South America, and Central Asia; cluster 2 with Central America, China, and Southeast Asia; and cluster 3 with North Pacific and Western Europe (Fig. 4B) .
Geographically mapping the 178 entries coincided with structural analysis using RGA markers. For example, two entries of GLA were in the West African group, matching with their ancestral background of O. glaberrima specifically grown in West Africa (Fig. 4A) (Chang 1976; Miezan and Ghesquiere 1986; Z.-M. Li et al. 2011) . Most IND entries distributed within or around N 30°, and most JAP entries were north of N 30°, corresponding to the fact that IND is tolerant to heat, whereas JAP is tolerant to coldness.
Discussion
RGA markers can be used for analyses of genetic structure and diversity
The molecular role of RGAs is highly related to plant resistance in response to an attack from various pathogens and pests. The RGA markers were first designed to map or isolate pathogen R genes in potato (Leister et al. 1996) and later applied to numerous other plant species (Chen et al. 1998 Shi et al. 2001; Mohler et al. 2002; Zhuang et al. 2002; Flandez-Galvez et al. 2003; Yan et al. 2003; Mutlu et al. 2006; Naik et al. 2006; Yang et al. 2008; Selvaraj et al. 2011) because RGAs themselves are potential R genes. A large number of RGAs have been investigated genome-wide according to cloned R genes' protein structures, and the variations have been thoroughly analyzed using whole genome sequence of O. sativa '9311' (indica) and O. sativa 'Nipponbare' (japonica) (Zhou et al. 2004 ). Our study showed that approximately one-third of genomewide RGA markers could be amplified for polymorphic fragments Note: PA, polymorphic alleles; PPA, percentage of polymorphic alleles (polymorphic alleles/total alleles × 100%); Na, the observed number of alleles per DNA fragment or loci (total observed number of alleles/total DNA fragments) for each genetic subgroup; Ne, the effective number of alleles [N e = 1/(1 − H E ), H E = expected heterozygosity] (Hartl and Clark 1989) for each genetic subgroup; H, Nei's gene diversity for each genetic subgroup; I, Shannon's information index (Lewontin 1972) for each genetic subgroup; Nm, estimate of gene flow from Gst (Gst, the fixation index) or Gcs. E.g., Nm = 0.5(1 − GST)/GST), GST = (H T − H S )/H T where H S and H T are the expected heterozygosities within subpopulations and total population, respectively (McDermott and McDonald 1993) . IND, indica; TRJ, tropical japonica; TEJ, temperate japonica; AUS, aus; ARO, aromatic; JAP, japonica; GLA, Oryza glaberrima. SSR, subgroups were divided by SSRs; RGA-UPGMA, subgroups were divided by UPGMA cluster with RGAs; RGA-Struct, subgroups were divided by STRUCTURE with RGAs.
*In subgroups from RGAs, GLA had only three entries, thus was excluded from estimation of gene flow. (Nei 1978) among three subgroups (GLA had only three entries, thus was excluded) classified by UPGMA (upper diagonal) and STRUCTURE (lower diagonal) using RGA markers. in a rice germplasm collection. Most of the polymorphic fragments belong to NBS or LRR domains (ϳ86.98%). We used genomewide RGA markers for genetic analyses of structure and diversity in a global rice germplasm collection, and our analyses reached the following conclusions to prove that RGA markers are applicable for analyses of genetic structure and diversity in rice.
(1) Results from RGA markers are similar, indicated by two methods, UPGMA and STRUCTURE. Both methods had the same classifications of the genetic ancestry (Figs. 2B and 2C; Table 4 ); the same matches with ancestral classification derived from SSRs (Table 1) ; and the same diversity estimates for PPA, N a , N e , H, and I (Table 2) . Furthermore, the results from ancestral analyses are agreeable with mapping results of each germplasm entry in response to climate adaptability (Fig. 4) . (2) Results from RGA markers in our study are agreeable with those from SSR markers reported by and Li et al. (2010) . The agreements include cluster of ancestral classification (Figs. 2 and 3) ; genetic diversity estimates for PPA, N a , N e , H, and I (Table 2) ; genetic relatedness (Tables 3 and 4) ; and cluster of geographic origins (Fig. 4) . RGA markers have less discriminatory power than SSR markers SSR markers clearly classified subgroup II into TEJ, TRJ, and ARO in previous studies ), but RGA markers failed to distinguish TEJ, TRJ, and ARO in our study (Figs. 2 and 3) . We feel this phenomenon could be explained by genetic diversity of rice subgroups and discriminatory power of molecular markers.
IND is grown on about 80% of the world's total rice area, mainly within or around N 30°, whereas japonica (JAP) is grown on the remaining 20%, mainly north of N 30° (Mackill 1995) . RGA markers are designed according to RGA sequences, so the resultant structure and geographic distribution may reflect adaptive evolution of the rice R gene. IND has much greater genetic diversity than JAP, proven by numerous studies Garris et al. 2005; Li et al. 2010) . AUS is mostly grown upland and is genetically so distant from JAP that offspring of both types are often partially Note: PPA, percentage of polymorphic alleles (polymorphic alleles/total alleles × 100%); Na, the observed number of alleles per DNA fragment or loci (total observed number of alleles/total DNA fragments) for each genetic subgroup; Ne, the effective number of alleles [N e = 1/(1 − H E ), H E = expected heterozygosity] (Hartl and Clark 1989) for each genetic subgroup; H, Nei's gene diversity for each genetic subgroup; I, Shannon's information index (Lewontin 1972) for each genetic subgroup.
sterile (Wang et al. 1999 ). For example, reported that both TEJ and TRJ had less alleles, distinct and private alleles per locus, and polymorphic information content than IND and AUS. Therefore, low genetic diversity might be responsible for TEJ, TRJ, and ARO not being classified by RGA markers.
RGA markers are designed according to the cDNA sequence of known RGAs. Microsatellites are tandemly arranged repeats of short DNA motifs (1-6 bp in length) that frequently exhibit variation in the number of repeats at a locus (Shi et al. 2013 ). Because of their abundance and inherent potential for variation, these SSRs have become a valuable source of genetic markers. Obviously, SSR markers simply function as genetic markers, some neutral (not related to any phenotypic function) and some functional (linked to certain phenotypic characteristics), but nothing with R genes in plants. SSR markers have a higher level of allelic diversity than an equal number of other markers, such as RFLP, AFLP, and SNP, which facilitates the detection of fine structure of diversity more efficiently than other markers (Semagn et al. 2010) . As a result, SSR markers are widely used to study population structure and demographic history of domesticated species in plants (Garris et al. 2005; Song et al. 2006; He et al. 2007; Wang 2008; Cui et al. 2010) . Even within the type of SSR markers, there are great differences of discriminatory power for genetic differentiation, so that a panel including three or four markers could structure genetic subgroups as accurately as over 70 SSR markers in rice . The restricted way of developing RGA markers from the cDNA sequence limits the polymor- (AUS, aus; IND, indica; JAP, japonica; and GLA, glaberrima) classified by RGA markers using STRUCTURE. (B) Cluster analysis based on 10 geographic regions whose percentage of polymorphic alleles was 55% or greater using 1.50 Nei's genetic distance (Nei 1978) for clusters 1, 2, and 3. 
RGA markers reveal genetic differentiation of resistant genes
In this study, we used RGA markers to differentiate genetic structure and geographic relatedness of rice germplasm. This differentiation reflects diversity in R genes and perhaps associated disease resistances.
Most R genes in plants that have been cloned to date encode NBS-LRR proteins, and these large and abundant proteins are involved in the detection of diverse pathogens, including bacteria, fungi, viruses, nematodes, insects, and oomycetes (Meyers et al. 2003; Belkhadir et al. 2004) . Many studies have shown pathogen differentiation in genetic structure and geographic distribution in rice (O. sativa) (Shang et al. 2009; Jia et al. 2011 Jia et al. , 2012 , wheat (Triticum aestivum) (Stukenbrock et al. 2006) , barley (Hordeum uhulgare) (Zhang et al. 1987) , and banana (Musa ×paradisiaca) (Carlier et al. 1996) .
In rice, Huang et al. (2008) demonstrated molecular evolution and functional adaptation of the Pi-ta gene through surveying genetic variation of blast resistance at the Pi-ta locus. Shang et al. (2009) reported resistance difference to blast between indica and japonica, and the difference is associated with the NBS-LRR gene family. And they isolated a blast resistant gene, Pid3, encoding a typical coiled coil NBS-LRR protein from an indica cultivar, Digu. Chen et al. (2011) isolated a blast resistant gene, Pi25 (allele of Pid3), from another indica cultivar, Gumei2. Jia et al. (2012) reported IND had the most sheath blight resistant germplasms (87%), followed by AUS (6%), ARO (4%), TEJ (2%), and TRJ (2%). Similarly, the resistant alleles to sheath blight in IND and AUS are greater than in ARO, TEJ, and TRJ. Jia et al. (2011) reported most germplasms resistant to sheath blight derived from Southern Asia (31%), followed by China (29%), Africa (15%), South America (13%), Central America (4%), Oceania (4%), and the North Pacific (2%).
The above studies demonstrate a genetic differentiation (indica and japonica) and geographic relatedness of R genes, which is consistent with our results derived from RGA markers. The RGA markers are designed from RGA sequences that direct gene expression by generating RNA transcripts and coding putative resistant protein of an R gene. As these markers are not linked to specific resistances or R genes per se, they are useful for defining genetic diversity of a suite of random R genes that may or may not be associated with disease.
